
1

ImageProcessingandAnalysisat IPAG
I . INTRODUCTION

Medicalimageanalysishasgrownandevolvedtremendously
in the last30 years.Thedistinctive natureof theproblemsen-
counteredhave led to thedevelopmentof a signi�cant bodyof
work addressingsuch issuesas fully three-dimensionaldata,
nonrigidmodelsfor motion,deformationandcomparison,and
thestatisticalvariationof normalandabnormalstructure.This
areaof researchderivesfrom the clinical andscienti�c appli-
cationswhich mustbewell understood.However, themethod-
ologiesdevelopedencompassan arrayof techniquesthathave
advancedimageanalysisindependentof theapplication.

This paperwill describethedevelopmentof the ImagePro-
cessingandAnalysisGroup(IPAG) atYaleandthebroadrange
of work in the areaof medical imageanalysisthat hasbeen
pursued.Throughoutourwork, wehaveendeavoredto takead-
vantageof all availableinformationbothfrom prior knowledge
of physicalproperties,geometricconstraintsor statisticalvari-
ationaswell asimagingdatafrom variousmodalities.Medical
imagingproblemstypically lie in a well-de�ned domain. The
challengeis to takebestadvantageof thegivendomainto solve
theoftencomplex andsubtleproblemsposed.

I I . ORIGIN AND HISTORY

1970'sto 1983: Initial Ph.D.Facultyin DiagnosticRadiology

During the1970's, severalPh.D.facultywerehired into the
Departmentof DiagnosticRadiologyin the medicalschoolat
Yalewith their primarytasksbeingaimedat providing physics
supportfor the clinical operationsin the burgeoning�elds of
nuclearmedicine(BobLange),ultrasound(FredKremkau)and
computedtomography(SteliosOrphanoudakis).Eachof these
faculty memberswereable to initiate andmaintaintheir own
researchprogramsaswell, usingdifferentmethodsto support
their efforts, including industrialandsomefederalfunding. In
1982,asMagneticResonancewasjust beginningto beconsid-
eredfor clinical use,JohnGorewashired asthe NMR physi-
cist, now with a clearchargeto developa researchprogramin
this area.Soonafter(1982-1983),threemorehiresweremade
within the Departmentof DiagnosticRadiology. Art Gmitro
andGeneGindi werehired initially to help with image/signal
processingandhardwareissuesrelatedto thedevelopmentof a
Digital SubtractionAngiography(DSA) system,fundedby an
industrialgrantandJim Duncanwashired jointly by the De-
partmentandtheSectionof Cardiologyto work onanumberof
imageanalysisissuesrelatedto theTIMI (Thrombolysisin My-
ocardialInfarction)projectfundedby theNationalInstitutesof
Health. While all of thesefacultywerehired for separaterea-
sons,this groupbeganto gettogetheranddevelopa numberof
interactionsto start to form a medicalimagingmethodology-
basedresearchcommunityat Yale.

As the social and professionalrelationshipsamong this
group of seven or so faculty membersmatured,thesepeople
formed, with support from clinical colleaguessuch as Carl
Jaffe, RichardGreenspanandBarry Zaret,thesubstratefor the

bioimagingscienceresearchnow �rmly establishedat Yale in
2003.

While therewerea varietyof attemptsto integratebioimag-
ing scienceinto a single entity within DiagnosticRadiology,
by andlargetheseresearchefforts clusteredinto threeprimary
areas:nuclearmedicine,magneticresonanceimagingandim-
agepost-processing.In this paper, we will focuson theevolu-
tion of the latter area,that becamethe Yale ImageProcessing
andAnalysisGroup(IPAG). However, at theendof thepaper,
we will describehow the early possibilitiesof an integrated
bioimagingsciencecommunitywere re-kindled,bringing the
evolutionof effort full circle.

1983-1989:BiomedicalImageProcessingEarly Years

Onesubsetof the Ph.D. researchersin the bioimagingsci-
encesareasoverlappedsigni�cantly enoughto form a coreef-
fort in medicalimageprocessing:Drs. Duncan,Gindi, Gmitro
andOrphanoudakis.SteliosOrphanoudakisobtainedajoint ap-
pointmentwith theDepartmentof ElectricalEngineering(EE)
within the Faculty of Arts and Sciencesat Yale in the late
1970's. Jim Duncanand GeneGindi also received joint ap-
pointmentsin ElectricalEngineering.Thesefacultyestablished
new coursesin the EE departmentin both Digital ImagePro-
cessingand ComputerVision. While both had a biomedical
�a vor in theexamplesgiven,thecourseswereestablishedin or-
der to interestYalegraduateandundergraduatestudentsin the
generalareasof imageprocessingandimageanalysis.At the
graduatelevel, this effort soonpaidoff. Severalnew graduate
studentswith focusedinterestsin imageprocessingandanalysis
(Larry Staib,KathyAndriole,Dimitris GerogiannisandVolker
Tresp)joinedScottHolland(alreadyworking with SteliosOr-
phanoudakison ultrasoundsignalprocessing)asthe corestu-
dentsof this new group.Earlywork onparallelimageprocess-
ing algorithms[1] andvesseltracking[2] appearedduringthis
period. Otherwork by Art Gmitro andGeneGindi focusedon
optical imageprocessingstrategies for featureextractiongar-
neringa bestpaperaward from the journal Optical Engineer-
ing [3]. In addition,a body of work on imagereconstruction
methodsbeganat this timerangingfrom opticalmethods[4] to
statisticalmethodsin thework of Mindy Lee[5], [6] in collab-
orationwith GeneGindi andGeorge Zubal, nuclearmedicine
physicist. This work also included the developmentof the
ZubalPhantom[7], [8], ahigh-resolutionthree-dimensionalan-
thropomorphicimagephantomderivedfrom segmentedhuman
anatomyof the full body representingall of the major struc-
tures.This datawasdesignedfor useasa phantomin imaging
simulationssuchasfor MonteCarlomethods.

Theemphasis,however, from theoutsetwasto bridgeareas
of generalimageprocessingandcomputervisionwith medical-
imaging-speci�cknowledge. As the Yale groupwasforming,
muchof theefforts in themedicalimageanalysis�eld seemed
to be comingfrom oneof two directions: i.) computervision
andimageprocessingspecialistswith aninterestin, but limited
detailedknowledgeof, medical imaging and its applications
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Fig. 1. In 2D, the elliptic Fourierparametersde�ne a curve and,by way of
probabilitydistributions,canbeusedto constraintheboundary�nding process.

or ii.) medicalimagingphysicistswho understoodthe princi-
plesof imageacquisitionandformation,but who typically did
nothavethespeci�c appliedmathematics,computerscienceor
signal and imageprocessingbackgroundto contribute in the
algorithmdevelopmentareas.By beingphysically locatedin
themedicalschoolwhile maintainingcloseties to engineering
throughteachingandresearch,we strove to advancethe �eld
by developingnew imageprocessingandanalysismethodology
fully groundedwith knowledgeof imageacquisitionphysics,
anatomyandphysiology, and the clinical andscienti�c ques-
tions.

From about1985 to 1988 therewas a strong in�uence of
work from arti�cial intelligencein computervision andmed-
ical imageanalysis.Drs.Gindi andDuncandevelopedacourse
project in their computervision coursein which studentsim-
plementeda “blocks world” imageunderstandingsystemtak-
ing the problemfrom imageacquisitionto high level model
matching[9]. Jim Duncanincorporatedexplicit knowledge-
basedconceptsmodelingthe walls of the left ventricleof the
heartin earlywork [10]. Advancesin theapplicationof neural
networks to computervision andmedicalimageanalysiswere
alsomadeatthistimein thegroupby GeneGindi with hisgrad-
uatestudentJoachimUtans[11]. They developedapproaches
to objectrecognitionusinghierarchicalmatchingnetworks.

1989-present:IPAG Flourishes

As 1990approached,thegroupbeganto exploremoredeeply
someof thekey areasin medicalimageanalysis.Larry Staib,
Amir Amini and HemantTagarebecamefaculty membersin
the group aroundthis time creatinga critical massof image
analysisresearchers.Workstationcomputationaland graphi-
cal power wasalsoincreasingtremendouslyenablingan array
of techniquesthat were impossiblebefore. The development
of the web startedin this period and we createdone of the
�rst web sites in medical imageanalysisin December1993
(http://noodle.med.yale.edu/). Thewebhasobviouslysincebe-
comeanessentialaspectof disseminationandresearch.

Below we will discusssomeof thekey areasthat IPAG has
pursuedincluding deformablemodelsfor segmentation,non-
rigid motionanalysisaimedprimarily atcardiacmotion,image
registrationandstructuralmeasurement.

Fig. 2. On the left, a meancurve is shown in the centeralongwith curves
representingplus andminusonestandarddeviation of the modelparameters.
Ontheright thismodelis usedto segmentthecorpuscallosumfrom amagnetic
resonanceimage.

Fig. 3. 2D deformableFouriermodelsegmentingthemyocardiumfrom mag-
neticresonanceimages(left: initialization; right: �nal curves).

DeformableModels: A strongfocus of the group arose
at this time aimed at developing mathematicalstrategies for
extracting quantitative measurementsfrom medical images.
Boundary�nding for anatomicalstructureis a centralproblem
that pervadesmany measurementproblems.A chapteron the
methodologiesdiscussedbelow wasincludedin acollectionon
medicalimaging[12]. Thekey themesthatemergedfrom this
work were the incorporationof prior informationof shapeas
constraintsor biasesandtheintegrationof multiple information
sources[13], [14]. Suchinformationis crucial to thesolution
of medicalimagesegmentationproblemsin the faceof noise,
ambiguityandstructuralcomplexity. We approachedsuchseg-
mentationproblemsfrom theperspectiveof mathematicalopti-
mizationand(Bayesian)estimationtheory, solvedusingavari-
etyof numericalapproaches.Perhapstheearliestclearexample
of this trendwasthePh.D.thesiswork of Larry Staib[15]. This
work wasaimedat developinga conciseparametrizedmodel,
usingFourierdescriptors,of acontouror surfacethatcouldthen
bedeformedor modi�ed to �nd a speci�c boundarywithin an
image[16], [17], [18]. This modeleasilyallows the incorpo-
rationof prior shapeinformationandwasthe�rst techniqueto
useprior shapeinformationin a generaland�e xible way.

A maximuma posterioriobjectivefunctionof parameters,� ,
wasusedandallows a trade-off or compromisebetweenprior
information, �����

��� , and image-derived information, ���	��

�

��� .
For a uniform prior, this formulationreducesto themaximum
likelihoodsolution.
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Prior probabilitydistributionson theparametersareusedto
introducea globalshapemodelwith a biastowardanexpected
rangeof shapes.This approachis illustratedin Figures1, 2,
3 and4. This work wasinitially presentedin 1988[19], [20].
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Fig. 4. Spatiotemporalmodelscanbeusedto solve boundary�nding prob-
lemsin temporalsequencesasin this cardiacleft ventriclemagneticresonance
exampleshowing threeorthogonalviews with the initialization of the left and
the�nal resulton theright.

Fig. 5. Original MR cardiacimage(top left) with meancontour(top middle)
andexpert tracing(bottomleft). Note the improvementin performancemov-
ing from anindependentcovariance(bottommiddle)to smoothnesscovariance
(bottomright) and�nally theprior shapecovariance(top right).

Interestinglyfrom ahistoricalperspective,thiswasbeingdevel-
opedin parallelwith thedeformable“snake” boundary�nding
approachesof Kass,Witkin, andTerzopoulos.

Later, we studiedactive shapemodels[21] andshowed the
relationshipto Fourier modelsandwaysof exploiting the use
of thecovariancematrix [22], [23] (seeFigure5).

Two alternateapproachesto usingprior knowledgewerepur-
suedby HemantTagare. Whenthe prior probability distribu-
tions of the boundariesare unknown, an alternateapproach
is available which usesonly a single canonicalshapefor the
boundary. Thecanonicalshapeis encodedin a templatewhich
�ts the imageboundaryby deformingto minimize an energy
function. Using conformalmaps,normalsto a deformable2-
d templatecanbeextendedsmoothlyto a largeregionof space
[24]. Thetemplateis deformedby moving it alongtheextended
normals– which arecalled“orthogonalcurves”. Interestingly,
it is ratherstraightforward to show that the orthogonalcurves
anddynamicprogramminggivestheglobalminimumof theen-
ergy function. Findingtheglobalminimumis crucial to avoid-
ing localminimathatarisefromnoiseandgivegrosslyincorrect
answers.This algorithmhasbeensuccessfullyusedfor many
yearsto segmentcarpalbonesin CT scans.Figure6 shows an
example.

Fig. 6. A wrist CT imageshowing carpalbones(left) anda deformabletem-
platewith orthogonalcurvesandanexampledeformation(right).

Fig. 7. Functionalactivationmapwith globalregistration(left) andwith local
registration(right) determinedusingthelevel setalgorithmwith shapepriorsto
segmentandregisterthecorpuscallosum.

In thesecondapproach,prior knowledgeabouttheshapeof
the boundarieswas incorporatedinto a level set formulation
of active contoursin a variationalframework. The shapeof
a boundaryis all of the informationthat is left whenlocation,
orientation,andsizeinformationis removed.Theshapeprior is
mappedinto theimagespaceby atranslation,rotationandscal-
ing andit appearsasanadditionalterm in theenergy function
of thelevel set[25]. During level setevolution, thetranslation,
rotation and scalingare continuouslyestimatedand updated.
Thealgorithmsimultaneouslyachievessegmentationof anim-
ageandits registrationwith astandardcoordinatesystem.This
methodcanbe exploited in fMRI studieswheresimultaneous
segmentationandregistrationof local brainstructuresleadsto
a loweringof falsepositivesin theactivationmapasshown in
Figure7.

The resultsof active contoursareoften evaluatedby com-
parisonwith manualsegmentation.Unfortunately, experimen-
tal evaluationsoftendo not shedlight on whenandwhyactive
contoursbecomeinaccurate.A theoreticalanalysisis required
for understandingthis. In hisPh.D.thesis,TianyunMa theoreti-
cally exploredaccuracy andconsistency in activecontours[26],
[27]. He wasableto show thatsomeof thecommonformsof
externalenergy functionscanleadto a signi�cant biasin seg-
mentation.Someenergy functionscanalsomake the contour
unstable.By suitablemodi�cationsof theenergy function,the
biasandstabilityproblemscanbeeliminated[26], [27].

Integration: Boundary�nding basedon edgefeaturescan
beaugmentedby consideringtheincorporationof region-based
informationanddevelopinganintegratedMaximuma posteri-
ori (MAP) probabilitymethodin orderto determinethesurface
(or curve, in 2D) parameterswhich correspondto thestructure
whichmatchesboththeboundarystrengthin theimageandthe
region homogeneityproperties[13], [28]. This work on inte-
grationwasthethesiswork of Amit Chakraborty.

We considertwo modules:onerelatedto boundary�nding
andthe other region growing whereeachcontainsa coupling
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= representstheoutputof theregion-basedprocessandA rep-
resentsthe output of the boundary�nding module. In the
�rst equation,
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� representsregion-basedclassi�cationin-
formation[13]. In the second,
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strengthin the shapeprior-drivencontribution.
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� representinteractiontermsbetweenthetwo modules.
Initially, theseequationsweresolvedsequentiallywith FQ�

R

. Theregionbasedsegmentationwasdetermined�rst andthen
thatinformationwasusedto optimizetheboundary.

A morepowerful approachto integrationcomesfrom agame
theoreticformulation[29], [30]. Wewereableto deriveamore
generalformulationpioneeringtheuseof gametheory(started
by thethesiswork of Is.�l Bozma[31]) asameansfor integrating
imageinformation[14].

When F is non-zero,the�rst equationincludesanadditional
interactionterm,

D
G

<

�-=@?-A

� , which feedsbackthe latestavail-
ableoutputA of theboundarymoduleandrepresentstheagree-
ment of the voxels within the currentboundarywith the as-
sumedgray level distribution for the indicatedtissuetype. In
the secondequation,the interactionterm

D
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G

�KA4?�=

� usesthe
latestavailableoutput = of the region process.The modules
assumethe roles of playersin a 2-playergameand are opti-
mized in parallel. The gamecontinuesuntil the playerscan
not improvetheir positionswithout cooperationfrom theother
player. Thisnaturalstoppingpointof theparalleldecisionmak-
ing processconstitutestheNashequilibriumsolution[32] (see
Figure8).

The rationaldecisionprovidedby the Nashequilibrium so-
lution is thenaturalcounterpartof theoptimumfoundwith se-
quentialobjective optimization. We have found it to be more
robustto noiseandinitializationin avarietyof 2D and3D prob-
lems[13].

In orderto computethecontribution of the region basedin-
formation,we needto computeanintegral over theregion. We
cancomputethis ef�ciently if we convert the volumeintegral

Fig. 9. Resultsof surface�nding for theheadof theleft caudatenucleus(top
row) andtheright thalamus(bottomrow) in anMR image.Thewireframeand
threeperpendicularslicesthroughthe 3D image(1.2mmS voxels) areshown
with thesurfaceobtainedusingbothboundaryandregion information.

to an areaintegral usingGauss'divergencetheorem[33]. We
constructa functionwhosedivergenceis the functionwe wish
to integrateby integratingin eachof thecoordinatedirections.
Thenwe cansimply computetheareaintegral of this function
during the optimizationprocess(see[28] for details),greatly
reducingthenecessarycomputation.

In thebrain,somesubcorticalstructuresoftenhavepoorcon-
trastbetweengrayandwhitematterbecausethey arestriateand
appearwith intermediateintensity. Thesestructures,however,
arelessvariable,in termsof shape,thanthecortex. Thus,prior
shapeinformationcanbe of greatvaluein identifying subcor-
tical boundaries.In Figure9, we demonstratetheperformance
of the3D integratedmethodonsubcorticalstructureexamples:
the headof the right caudatenucleusand the left thalamus.
Using the integratedmethodwith a prior shapemodel,along
with region andboundaryinformation, the properboundaries
arefound.

Level SetMethod Incorporating ThicknessConstraint:
While somesegmentationproblemsarewell suitedto thecon-
straintsthat global shapeinformationprovides,someinvolve
structureswhoseshapesarehighly variableor have no consis-
tentshapeatall andthusrequiremoregenericconstraints[12].

XiaolanZeng,in hergraduatework in thegroup,developeda
coupledsurfacesapproachfor automaticallysegmentinga vol-
umetriclayer from a 3D image[34], [35], [36]. This approach
usesa setof coupleddifferentialequations,with eachequation
determiningtheevolution or propagationof a surfacewithin a
level setframework. In thecaseof thecortex, onesurfaceat-
temptsto localizethewhitematter/graymatter(WM/GM) inner
cortical boundaryand the other the gray matter/cerebrospinal
�uid (GM/CSF)outerboundary. Couplingbetweenthesurfaces
incorporatesthenotionof anapproximately�x edthicknesssep-
aratingthe surfaceseverywherein the cortex. This soft con-
strainthelpsin ensuringthattheGM/CSFboundaryis captured
evenin thedeepercorticalfolds in thebrain.A furtherassump-
tion is thatacrosseachsurface,thereis a localdifferencein the
gray level values,while in betweenthe two surfacesthereis
a homogeneityof graylevels. By evolving two embeddedsur-
facessimultaneously, eachdrivenby its own image-basedinfor-
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Fig. 10. Evolution of coupledlevel sets:outer(magenta)andinner (yellow)
surfacespropagatefrom initializedpairsof concentricspheresin a3DMR brain
imageto localizethegraymatter.

mationwhile maintainingthecoupling,we areableto achieve
anautomaticandrobustsegmentationof thecortex, andsimul-
taneouslyobtaina representationof theinnerandoutercortical
surfaces.

Startingfrom insidethe inner boundingsurface(gray/white
boundary),with an offset in between,the interfacespropa-
gatealongthe normaldirectionstoppingat the desiredplace,
while maintaining the distancebetweenthem. Embedding
eachsurface as the zero level set in its own level function,
we have two equations: TEUWV XZYHT\[

"

:

V X]� ^_U`V X4�

�

R

and
TEUWa�b	cdYHT\[

"

:

a�b�cE� ^_UWa�b	ce�

�

R

where
:

V X and
:

aLb�c arefunc-
tions of the surfacenormaldirection, image-derived informa-

Fig.11. Top: Surfacesresultingfrom singlesurfaceapproach�nding theinner
andoutercorticalsurfacesseparately;Bottom: Coupledsurfacesapproachrun
on samedataoverlaidon a sagittalslicemaskedby expert tracingof theouter
corticalsurfaceshowing goodagreement.Couplingpreventsthe innersurface
from collapsinginto CSF(1) andtheoutersurfacefrom penetratingnon-brain
tissue(2).

tion andthe distancebetweenthe two surfaces.The coupling
is embeddedin the designof

:

V X and
:

a�b�c . Wherethe dis-
tancebetweenthe two surfacesis within the normalrangefor
cortical thickness,the two surfacespropagateaccordingto the
image-basedinformation;wherethedistancebetweenthe two
surfacesis out of thenormalrange,thedistanceconstrainsthe
propagation.We de�ne:

:

V X
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Functionf smoothlymapslargergraylevel transitionprobabil-
ity to slowerspeed.Functiont smoothlypenalizesthedistance
outsideof the normal range. Thus,eachsurfacemoveswith
constantspeedalongthenormaldirection,andslows down or
stopswheneithertheimage-basedinformationbecomesstrong
or thedistanceto theothersurfacemovesawayfrom thenormal
range.

The ability of the evolving level set to changetopology,
break,mergeandform sharpcornersgreatlyassistsin thecon-
vergenceto complex structures.In addition, the level setap-
proach facilitates structural measurementthrough the direct
computationof geometricparameters,suchas curvatureand
thickness,via thelevel setfunction[36] (see,for example,Fig-
ure18). Surfacerenderingsshowing theevolution of theinner
andoutercorticallayersfoundfrom anormal3D brainMR im-
ageusingthis approachareshown in Figure10. This method
hasbeenextensively testedin our lab andelsewhere[37] with
accurateresultsundera rangeof conditions.
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Fig. 12. Straincomputedusinga biophysicalmodelfrom caninecardiacMR
datacomparingbaselineto infarctedleft ventricle.

Fig. 13. Echoultrasounddatacanalsobeanalyzedwith a physicalmodelto
estimatestrain.Shown herearepointsderived from themodeloverlaidon the
ultrasoundimageto give “echotissuetags”analogousto MR tagging.

Nonrigid Motion Leadingto Deformation: Analyzing in-
formationembeddedin temporalsequencesof imageshadlong
beenof interestto medical image analysisresearchers,with
many of thedrivingapplicationscomingfrom theneedto quan-
tify cardiovascularfunction. TheIPAG efforts focusedprimar-
ily on developingstrategiesto follow left ventricular(LV) mo-
tion, andultimatelydeformation,in attemptsto stratify differ-
encesin LV performanceas derived from any one of several
non-invasive imagingmodalities. A comprehensive review of
methodsfor estimationof cardiacmotion anddeformationin-
cluding themethodsdescribedbelow wasincludedin a recent
bookonmedicalimageanalysis[38].

In theearly1990's,anumberof groupshadbegunto develop
techniquesto �nd correspondencesbetweenpairs of frames
from 2D cardiacimagesequences[39], [40] aswell asto de-
velopusefulparametrizationsfor spatiotemporaldatasets[41],
[42] in attemptsto model and more fully determinenonrigid
motion. In thecomputervision community, theseefforts were
initially reportedat the�rst conferencesessiononnonrigidmo-
tion analysisat theIEEEComputerSociety's1991Conference
onComputerVisionandPatternRecognition(CVPR91).To the
clinical cardiologycommunity, however, many of theseideas
wereseenas the most recentattemptsto addressthe dif�cult
problemof stratifyingleft ventricularfunction.

Within IPAG, our focuswasto developastrategy for quanti-

fying LV functionthatcouldbeusedto deriveinformationfrom
any oneof a numberof noninvasive imagesequences.While
othergroupsfocusedalmostsolelyonthepromisingtechniques
of analyzingMR tagging[43], [44] or MR phasevelocity [45],
we choseto try to develop approachesthat were potentially
modality-independent.The commonthreadwe saw was that
if we could somehow accuratelysegmentout the endocardial
andepicardialboundariesfrom eachframeof a cardiacimage
sequence,andsampleoftenenough,wecouldassumethatlocal
surfaceshapewould bepreservedbetweenany two framesand
hencebeusedasa trackingmetric.

This effort beganby analyzingtwo-dimensionalcardiacim-
agesequences.Due to its spatialresolution,andin part to be
ableto compareto taggingandphasevelocity trackingresults,
wechoseto usetwo-dimensionalcine-gradientechoMR image
sequencesasourinitial data.Endocardialandepicardialbound-
ary segmentationin eachframewasperformedusingmodi�ed
versionsof the Bayesianboundary�nding strategy described
above (see[16]). Curvatures,{ , werederived at eachbound-
arypointandusedastrackingtokens.Matchingwasperformed
by �nding thebestlocalsegmentof length | surroundingpoint
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V }
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shapebestmatchesasegmentsurroundingcandidatepoint A
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time i via a squaredcurvature(i.e. bendingenergy) metric:

•

A
Vy}

<

�€�

���•�87

�

J0‚yƒ…„�†

k

‡

ˆ ‰

Š

<

�${

‰

�KA
Vy}

<

��‹

{

‰

�KA
V

�L�

G (4)

Oncetheoptimal A
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is foundin thesearchregion,thevec-
tor Œ that connectsthesetwo points can be de�ned. Similar
displacementvectorscanbelocatedat all points A

V with con�-
dences,• , assignedby thestrengthanduniquenessof theshape
match. Uncertainty, noiseandout-of-planemotion werehan-
dledby employing a regularizationstrategy to estimatea �nal
setof smootheddisplacements:
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Early resultsusingthis approachon2D MR andechocardio-

graphicimagesequencedatawereencouraging[40], but it was
appreciatedthattherewereanumberof dif�culties with theap-
proach,includingthelackof includingtemporalinformationin
themodeling,thedif�culties deriving motion from segmented
boundariesandperhapsmostimportantly, theneedto address
thefull 3D motionproblem.

This work evolvedin severaldirections.Oneeffort focused
on the integration of temporaland full spatiotemporalinfor-
mation/modelinginto the motion recovery process[46]. This
work, by JohnMcEachenfor his thesis,continuedto work on
2D imagesequencedataandtookonadecidedlyclassicalElec-
trical Engineering�a vor asthebasicstrategy wasbasedon re-
cursive �ltering incorporatinga periodicity constraint.A sec-
ondeffort wascenteredon integratingseveralsourcesof track-
ing cuesinto theframe-to-frameLV motionestimationprocess.
The initial ideawasaimedat usingthe boundary-basedshape
cuesdescribedabove, along with Eulerian estimatesof dis-
placementfoundby integratingMagneticResonancephaseve-
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locity information. Theintegrationof shapewith direct,dense
measurementsof three-dimensionalvelocityprovidesa power-
ful setof constraintsontheinterpretationof motionfrom image
data.Thiswork wasprimarily doneby FrancoisMeyer, apost-
doctoralfellow in IPAG at this time (latera facultymemberin
thegroup),who hadworkedon rigid bodymotionproblemsin
computervisionduringhisPh.D.studiesin France.While these
dataprovide direct measuresof velocity, they are extremely
noisy. A Kalman�ltering approachwasdevelopedhereusing
spatialand temporalconstraintsto determinean optimal esti-
mateof thecardiackinematics[47].

The third researchdirection that evolved from our initial
shape-based2D cardiacmotiontrackingwork wasanchoredin
two key concepts.The �rst conceptwasgroundedin the un-
derstandingin thecardiologyclinical researchliteratureat this
time that the quanti�cation of LV function from noninvasive
imagesequenceswas found to be more robust if one looked
at the relative measurementof LV myocardialwall thicken-
ing as opposedto just absolutepoint displacement(seee.g.
[48]). The secondconceptwas that in order to fully under-
standLV function,onehadto appreciatethattheheartis athree-
dimensional,nonrigidlydeformingobjectandthatthequanti�-
cationof thisdeformationlikely hadto bederivedfrom thefull
4-dimensional(3 spatialdimensionsplustime) imageinforma-
tion. Wall thickeningwasthusonly onecomponentof a more
completemeasureof myocardialdeformation:the local strain
tensor.

Thesesamebasicideaswerealsotakinghold at the time in
theMR imagingcommunity, drivenby thedevelopmentof MR
grid taggingfor following tissuedeformation[49], [50].

Thus, IPAG efforts on cardiacnonrigid motion in the mid-
1990'sfurtherdevelopedby extendingour2D shape-basedmo-
tion tracking strategies to three dimensionsusing 3D curva-
ture to track surface-basedmotion derived from cine-gradient
echoMRI. Theearliesteffortswereperformedby Amir Amini
and Jim Duncan,during Amir' s postdoctoralstudiesat Yale
[51]. Theseideaswerefurtherdevelopedin thePh.D.thesesof
PengchengShi [52] andthenXeniosPapademetris[53]. The
curvaturematchingprocessrepresentedby equation5 above
wasnow basedon matchingthesimilarity of theprincipalcur-
vaturesbetweenan endocardialor epicardialsurfacepatchat
time ž toasetof candidatepatcheswithin asearchregionattime

ž

" Ÿ . A key next step,anchoredin PengchengShi'sefforts,was
thedevelopmentof aninterpolationapproachthatcouldaccept
theseimage-derived,surface-baseddisplacementsandthencre-
atequantitativemeasuresof mechanicalstrainacrosstheentire
LV myocardialvolume. This work waspublishedat the �rst
CVRMed conferencein 1995 [54] and moved IPAG into the
areaof usingmore realisticphysicalmodelsto try to capture
theunderlyingmyocardialtissuepropertiesandserve asa ba-
sisfor integratinginformationandpresentingquantitativemea-
surementsof strain. The advantageof this directionwas that
therewasanentirecardiacbiomechanicscommunity[55] that
hadspentdecadestrying to develop accurateforward models
of theLV. Theinitial IPAG efforts in this areausedsimple,lin-
earelasticbiomechanicalmodels(realizedvia astiffnessmatrix

¡

), assumedin�nitesimal strainsbetweenany two timeframes
andassumedthata sparsesetof displacements,¢ £ , couldbe

foundfrom 3D shapetracking.Thevolumebetweentheendo-
cardialandepicardialsurfacesat eachtime framewasmeshed
andthe following Newtonianequationwas thensolved using
a �nite elementstrategy at all pointsat eachtime frameto get
a densesetof displacements¤ , wherethe ¥ matrix is usedto
weightthecon�dencein theshapematches:

¦

¤

�

¥��I¤

‹

¤

£

� (6)

Furtherextensionswere then incorporatedto integrateshape
basedestimatesof displacementwith velocity estimatesmea-
suredusingphasevelocity MR, now in a fully 4D framework
andusingacontinuummechanicalmodelof theheart[56], [57].

As the physical modeling work continuedto matureand
evolve in thegraduatework of XeniosPapademetris[58], [53],
[59], the formulationwasviewed from a Bayesianstandpoint
andthebiomechanicalmodelof theheartwasaugmentedto in-
cludemuscle�ber directions.Quanti�ed 3D measuresof strain
couldnow bereliably derivedfrom a moving sequenceof seg-
mentedmyocardialsurfaceson a desktopworkstation.An ex-
ampleof thesederived strainsare shown in Figure 12. This
methodologywas implementedin a softwareplatform that is
usableby collaboratorsandhasled to advancesin thecardiol-
ogy literatureon regionalmyocardialdeformation[60].

Critical to theseefforts wasthenotionthatdisplacementin-
formationcouldcomefrom avarietyof datasources,including
shapecues,MR tags,and/orMR phasevelocity information.
The shapetracking strategy permitsthe approachto be used
acrossimagingplatforms.For example,furtherwork extended
thesetechniquesdirectly to 3D ultrasounddataenablingthe
possibilityof suchmeasurementsfrom a low costandportable
modality[61], shown in Figure13.

Theseideasin realisticsoft tissuemodelingwerefurtherde-
velopedandappliedto therelatedproblemof computingbrain
deformationduring neurosurgery [62], [63]. Biomechanical
modelsareagainof extremevalueherein orderto accurately
model the brain and track its deformationincorporatingthe
effectsof gravity. This work stemsfrom the thesisof Oskar
�Skrinjar. First, intraoperative sparsepoint measurementswere
usedto drive the model [62], [64]. A �nite elementcompu-
tational approachwas usedto implementthe biomechanical
model. Later, stereoimagesof theexposedbrainsurfacewere
usedto provide a denseset of measurementsfor driving the
model.Stereoreconstructionmethodswerederivedfor thispur-
pose[65] to determinethechangingsurfaceof thebrain. This
processis shown in Figure14.

Registration Methods: Over theyears,a numberof us in
IPAG have workedon differentregistrationproblemswith dif-
ferentapproachesre�ecting both the applicationareaandthe
underlyingmethodology, startingwith rigid methodsandmov-
ing to nonrigid.Wedevelopedmethodsfor rigid registrationin-
corporatingconstraintsusinglinearprogramming[66] aswell
asmethodsusinggeneticmethodsfor improved optimization
[67]. Nonrigid methodsweredevelopedusingelasticand�uid
modelsthat were augmentedwith structuralconstraintsthus
combininggray level matchingwith features[68]. This work,
by YongmeiWangduring her graduatework, usedthesecon-
straintsto help to bring the gray level matchinginto concor-
dancewith the underlyinganatomy. During his postdoctoral
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Fig. 14. Intraoperative stereoimagepairs(top) canbeusedto reconstructtheexposedbrainsurface(bottomleft) which canthenbeusedasa constraintin the
biomechanicalmodelfor determiningbrainshift (bottomright).

study, Colin Studholme,worked on the problemof magnetic
resonance(MR) distortioncorrectionmappingechoplanarim-
agedatato conventionalMR. Hedevelopedmethodsto account
for bothgeometricandintensitydistortionswithin theEPIdata
by constrainingnonrigidmutualinformationbasedregistration
usingthephysicalbasisof thedistortion[69].

AnandRangarajan,a facultymemberin thegroupat thispe-
riod, andhis studentHaili Chiu, developedthe techniquero-
bustpoint matching(RPM) for nonrigidregistration[70], [71].
They formulatedregistrationcompletelyin termsof point fea-
turesand a correspondingmatchmatrix. The matchmatrix
convergesto a speci�cation of correspondence,and a corre-
spondingnonrigid transformation,with outlier rejectionusing
the“soft-assign”technique.

Another approach to non-rigid correspondencebetween
closedcurveswaspursuedby HemantTagare.Generalizations
of monotonicone-to-onecorrespondences,calledbimorphisms,
wereshown to be a classof “monotonic” curveson the torus,
which is a productspaceof two closedcurves. By suitably
de�ning a metricon thetorus,theshapesof thetwo curvescan
becomparedandanoptimalcorrespondencecanbefound[72],
[73]. Figure15 shows an example. Thereareseveral advan-
tagesof this idea. The theoryclearly laysout thegeometryof
correspondences.Also, theoptimalcorrespondenceis symmet-
ric, i.e. thesameansweris obtainedirrespectiveof theorderin
whichthetwo curvesarecompared.Thelastpropertyis impor-

m

C2

Correspondence
as a set

Project ion
     (p  )

Project ion
     (p  )

Product  space 
C   X  C1 2

C1

1

2 An element of
the correspondence

Fig. 15. The correspondencebetweentwo closedcurves is shown to be a
curve on thetorus,which is theproductspaceof thecurves(left). An optimal
correspondencefrom onecorpuscallosumto anotheris shown on theright.

tantin applyingnon-rigidcorrespondencesto motionanalysis.
An informationtheoreticframework wasdevelopedfor the

speci�c registration problem in radiation therapy treatment
planningwhereoneor morelow quality 2D portalx-rays(gen-
eratedfrom therapeuticenergyx-rays)needto beregisteredto a
3D CT image[74], [75]. Ravi Bansal,in his thesiswork, devel-
opedaninformationtheoreticapproachfor this problemwhere
simultaneoussegmentationandregistrationwerecarriedout in
analternatingiterativeminimaxentropy algorithm.

We have alsopursuedmethodsfor thedeterminationof sur-
facepoint correspondencefor shapecomparisonbasedon cur-
vaturefeaturesandgeodesicinterpolation[76], [77].
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Fig.16. Registrationof portalimageswith digitally reconstructedradiographs
(DRR) from CT before(left) andafter (right) registration. Manual tracesin
red indicatedegreeof correspondenceof features.(a) anterior-posterior(AP)
portal (b) lateralportal (c) original lateralDRR (d) original AP DRR (e) AP
segmentation(f) lateralsegmentation(g) registeredlateralDRR (h) registered
AP DRR.

Measurement: Structurecan be characterizedin many
waysfrom simplevolumemeasurementsto curvature.Wehave
developeda numberof techniquesfor speci�c structuralmea-
surement.

The level set representationis particularly convenient for
somestructuralcomputations,suchasthickness.For any point
on the outercortical surface,the absolutevalueof U

VyX at the
point is simply thedistancefrom thepoint to theinnercortical
surface. Using this measure,we obtain a thicknessmap be-
tweenthe innerandoutercorticalsurfaces,which canbeused
to studythenormalthicknessvariationsin differentregionsas
well as abnormalities,as seenin Figure17. Cortical surface
areais alsoeasilycapturedandmeasuredfrom our segmenta-
tion approach.

Corticalsurfacedeterminationfacilitatesfurtheranalysisby
the determinationof sulcalsurfaces[78]. First, sulcalcurves
at thetop andbottomof thesulcuscanbeautomaticallytraced
after the speci�cation of start and end points using dynamic
programmingbasedona surfacemaximumprincipalcurvature
costfunction. Sulcalribbonsurfaces(shown in Figure19) can
thenbedeterminedbetweenthesecurvesdeformingthesurface
basedon thedistancefunctionof thesurfacewithin thesulcus.

Neuroanatomicmeasurementapplicationsapplythesemeth-
odsto clinical andscienti�c taskssuchasfor structuralvolume
measurement[79], [80]. Wehavedevelopedmethodsfor shape
analysisusingfactoranalysisfor thecharacterizationof shape
appliedto thecorpuscallosum[81].

Image Databases:Digital medical imaging hasmadeit
possibleto createand maintain large collectionsof medical
imagesfor researchandbrowsing. Medical imagecontentis

Region thickness
(Lobe) (mm) ( § SD)

Left Frontal 3.40(.43)
RightFrontal 3.25(.42)

Left Posterior¨ 3.06(.41)
RightPosterior¨ 3.00(.40)

Fig. 17. Measurementof Cortical Thickness. Top: Table reportingmean
thicknessvaluesfor N=30 normalcontrolmales.Note: ¨ Posteriorregion en-
compassesall parietal,temporalandoccipital cortical tissue.Bottom: Thick-
nessplotsof 2 normalbrains(onebrain: a,b;secondbrain: c) showing marked
thinningin thepostcentralgyrusandprimaryandsecondaryvisualcorticesin
theoccipital lobe.

dif�cult to describein wordsanda medicalimagedatabaseis
mosteffectiveif it exploits imagecontent.Developingthetech-
nology for suchdatabaseshasbeena focusof extensive work
by HemantTagare.An overview of the problemsin this area
andour overall methodologyis givenin [82]. Much of our re-
searchin this areafocuseson indexing strategiesfor similarity
retrieval. Classicalindexing strategiesassumethatfeaturesare
in a Euclideanspaceand a metric is available for comparing
them.We extendindexing strategiesto thenon-metriccaseus-
ing interval-valuedarithmetic[83] andproposenon-Euclidean
metricspacesfor indexing [84]. Complicatedfeaturecompar-
isons,for examplewith dynamicprogramming,canalsobein-
dexed[85]. In high dimensionalspaces,indexing suffersfrom
thecurseof dimension; it becomesincreasinglydif�cult to in-
dex uniformly distributeddata.Ef�cient indexing needsto ex-
ploit non-uniformityin datadistributionandwehavedeveloped
adaptive indexing strategiesfor this purpose[86], [87]. These
strategiesmodify the indexing treeso that the resultingtreeis
guaranteedto bemoreef�cient thantheoriginalone.

Otheraspectsof medicalimagedatabaseshavealsobeende-
veloped. While visiting our group, SennayGhebreabdevel-
opeda tool for creatingandediting graphicalimagedatabase
schemas[88]. Someinterestingmedicalimagefeatureshave
also beendeveloped. One exampleis the notion of arrange-
mentsof organs,which describethemannerin which different
organsappearembeddedin theimage[89]. Arrangementis re-
latedto theVoronoidiagramof theorgansandit is possibleto
de�ne a metriccomparingdifferentarrangements.

Although our group has focused on developing image
databasesin the context of medical images,a surprisingand
gratifyingapplicationof this technologyhasbeenin biology in
marinemammalresearch[90], [91].
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Fig. 18. Theinnerandoutercorticalsurfacesof a braincoloredaccordingto
thecorrespondingcurvaturemeasure[92].

Fig. 19. Sulcalsurfacesshown with cut-away view of brain(top)andonouter
corticalrendering(bottom).

I I I . RECENT DEVELOPMENTS

Two developmentsat Yalehave led to thebetterintegration
of educationand researchin medicalimaging: the formation
of a programin biomedicalengineeringwithin the Faculty of
Engineeringand a sectionof bioimagingscienceswithin the
Departmentof DiagnosticRadiology.

In 1996,with thegeneroussupportof theWhitaker Founda-
tion, we embarkedon theformationof a biomedicalengineer-
ing programatYalewith medicalimagingasacorearea(along
with biotechnologyandbiomechanics).This programwasde-
signedto combinethestrengthsof engineeringandmedicineat
Yaleandhassteadilygrown sincethen.Theprogramprovides
both undergraduateandgraduatestudentswho canparticipate
in researchin medicalimaging.

In theearlySpringof 2001,theImageProcessingandAnal-
ysisGroupwasformally unitedwith groupsin theareasof MR

Fig. 20. BioimagingandIntervention in NeocorticalEpilepsy: An example
of theintegrateddisplayof anatomicalandfunctionalmagneticresonanceim-
ages,alongwith electrophysiologicalinformationtaken from a patient. This
representsaninitial versionof theneurosurgical navigationalframework being
developedon thisgrant.

Physics,Nuclear Medicine Physicsand NMR Spectroscopy
within theDepartmentof DiagnosticRadiology. This structure
wastermedtheSectionof BioimagingSciencesandProfessor
Duncanwasnamedasthe directorandProfessorDoug Roth-
man,anNMR spectroscopist,namedasco-director. Thisuni�-
cationof researchgroupsin DiagnosticRadiologyhasalready
resultedin a tighter connectionbetweenthe imageformation
andimageanalysisaspectsof medicalimagingresearch.In par-
ticular, asa direct resultof closercollaborationwith theother
groupsin theSection,we wereawardedthe �rst new research
grantfrom theNationalInstituteof BioimagingandBiomedi-
cal Engineeringfor a biomedicalengineeringresearchpartner-
shipgrantentitled“BioimagingandInterventionin Neocortical
Epilepsy”aimedat thestudyof epilepsythroughMR imaging
andspectroscopy with analysistechniquesculminatingin im-
provedimageguidedneurosurgeryfor thetreatmentof epilepsy
(seeFigure20).

Theultimatesourceof theproductivity of thegroupis thetal-
entsof themany studentsandscholarswho have workedhere.
With the recentaddition of Xenios Papademetristo the fac-
ulty, we currentlyhave four professors(Duncan,Tagare,Staib,
Papademetris),two researchscientists,four postdocsand 11
graduatestudents. In addition, George Zubal, haslong been
a closeaf�liate to thegroup,focusingon quanti�cation in nu-
clearmedicine. On the strengthof all their efforts, IPAG will
continueto beproductive.

FutureDirections

Certainly, our corework usingorganandtissue-level diag-
nosticmedicalimagesin segmentingandmeasuringstructure
andfunction, imageregistration,andtrackingandquantifying
motionanddeformationwill remainat thecenterof IPAG'sef-



11

forts in theyearsto come. Continuingto explorehow our ap-
proachescanbeintegratedor economizedis alwayssomething
at the forefront of our thinking: e.g. how canimageintensity
andimage-derivedfeatureinformationbecombinedto develop
more robust segmentationand registrationalgorithmsor how
canparametersfoundatahigherlevel of abstraction(e.g.strain
in aninfarctedregion of theleft ventricle)beusedto guidethe
extractionof usefullow level imagefeatures?

However, we also expect to be drawn in new and exciting
directionsbasedon our exposureto emerging collaborations
with our colleaguesin MR spectroscopy andphysics,different
clinical areasrelatedto image-guidedintervention and struc-
turalandfunctionalimagingat thecellularandmolecularlevel.
While we will be able to dovetail someof theseefforts with
methodologicalapproacheswe arealreadydeveloping,we ex-
pectto bedrawn to entirelynew directionsthat include: track-
ing multiple nonrigid moving objectswith complex evolving
relationships(e.g. cell body motion andtubule growth), esti-
mating statisticalmixturesof biochemicalinformation repre-
sentedat eachvoxel in a variety of imagedatasetsattempting
to probebiologically meaningfulinformation(e.g. MR spec-
troscopy, molecularimagingusing�uorescentand/orradiola-
beledprobes)anddesigningclose-to-real-timeupdatingstrate-
giesregardingtissueandtool movementin interventionalpro-
cedures.

IV. GUIDING PRINCIPLES

Within IPAG, we feel fortunateto have beenable to cre-
atea stablescienti�c, �nancial andadministrativeenvironment
wheremedicalimageanalysisresearchersinterestedin apply-
ing well-groundedmathematicalandcomputationalconceptsto
problemsin medicalimagingcan�ourish. Therehavebeensev-
eralguidingprinciplesthathavehelpedus:

1) Takethetimeto �nd andmaintaingoodclinical andtech-
nicalcollaboratorswhohaveinterestingproblemsthatare
pushingthecurrentlimits of medicalimageanalysisand
processingtechnology. Thepro�le of agoodcollaborator
canvary, but generallyhasthesetraits:

© he/sherealizesthat you are looking for interesting
problemsin your own (medicalimageanalysis)re-
searcharea,relatedto the methodologyandunder-
lying formulationof theseissues– andthey want to
walk side-by-sidewith you towardcommongoals.

© is someonewhoyoucangenuinelyresonatewith and
getalongwith.

© is someonewhohasanappreciationandsomeunder-
standingof the�eld of medicalimageanalysis.

We have hadlongstandingandsuccessfulcollaborations
with a number of scientistsat Yale including Robert
Schultz(Child Study Center),Albert Sinusas(Cardiol-
ogy), DennisSpencer(Neurosurgery)andTodd Consta-
ble (DiagnosticRadiology).

2) Go after problemsthat pushthe currentstate-of-the-art;
avoid problemsthat apply established/routineideas in
computervision to problemsin medicalimageanalysis
that don't requireat leastsomeoriginal thinking. How-
ever, keepin mind the requirementsof medical image
analysisin termsof theneedto validate.

3) Maintain a presence,including publications,conference
attendance,etc., in both thebasic�elds of computervi-
sion and imageprocessingaswell as the more focused
�eld of medical imageanalysis. The primary medical
image analysisconferenceshave beenIPMI (Informa-
tion Processingin MedicalImaging)andMICCAI (Med-
ical ImageComputingandComputerAssistedInterven-
tion) (and its predecessors).Participation in the clini-
cal/biomedicalapplicationcommunitiesis alsoimportant
(e.g.cardiology, neurology, neuroscience,etc).

4) Permitjunior faculty to develop in an independentman-
ner, but provideguidanceto try to developacohesiveand
complementarygroupof researchers.

5) Develop a stableinternal sourceof funds from the De-
partment/Schoolthatcarriesoveryear-to-year.

6) Encouragecollaborationandcooperationwith othermed-
ical image analysis groups. The intellectual life at
IPAG hasperiodicallybeenenrichedby visiting students
and scholars. We have had particularly good relation-
ships with visitors from Guy's Hospital through Dave
Hawkes(Glynn Robinson,Colin Studholme),University
of AmsterdamthroughArnold Smeulders(Marcel Wor-
ring,SennayGhebreab),UtrechtUniversitythroughMax
Viergever (Wiro Niessen,JosienPluim, Rik Stokking)
and INRIA-Sophia Antipolis throughNicholasAyache
(Eric Bardinet).

7) Insureaccessto graduatestudentseitherthroughpartic-
ipation in a medicalimagingsciencesgraduateprogram
or throughappointmentsandteachingwith an appropri-
atedepartment(e.g.EE,BME, CS,Physics,etc.)
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